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Abstract 30 
During the process of ecological speciation, reproductive isolation results from 31 
divergent natural selection and leads to a positive correlation between genetic divergence 32 
and adaptive phenotypic divergence, i.e. isolation-by-adaptation (IBA). In natural 33 
populations, phenotypic differentiation is often autocorrelated with geographic distance, 34 
making IBA difficult to distinguish from the neutral expectation of isolation-by-distance 35 
(IBD). We examined these two alternatives in a dramatic case of clinal phenotypic 36 
variation in an Andean songbird, the Line-cheeked Spinetail (Cranioleuca antisiensis). At 37 
its geographic extremes, this species shows a near three-fold difference in body mass 38 
(11.5 to 31.0 g) with marked plumage differences. We analyzed phenotypic, 39 
environmental, and genetic data (5,154 SNPs) from 172 individuals and 19 populations 40 
sampled along its linear distribution in the Andes. We found that body mass was tightly 41 
correlated with environmental temperature, consistent with local adaptation as per 42 
Bergmann’s Rule. Using a PST-FST
 53 
 analysis, we found additional support for natural 43 
selection driving body mass differentiation, but these results could also be explained by 44 
environment-mediated phenotypic plasticity. When we assessed the relative support for 45 
patterns of IBA and IBD using variance partitioning, we found that IBD was the best 46 
explanation for genetic differentiation along the cline. Adaptive phenotypic or 47 
environmental divergence can reduce gene flow, a pattern i terpreted as evidence of 48 
ecological speciation’s role in diversification. Our results provide a counterexample to 49 
this interpretation. Despite conditions conducive to ecological speciation, our results 50 
suggest hat dramatic size and environmental differentiation within C. antisiensis are not 51 
limiting gene flow. 52 
 54 
Introduction 55 
Environmental gradients often result in divergent natural selection that can lead to 56 
adaptive phenotypic divergence between populations (E dler 1977). This process, local 57 
adaptation, can be a catalyst of speciation by reducing gene flow among populations 58 
occupying different points on the environmental gradient (Doebeli & Dieckmann 2003; 59 
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fitness of immigrants (Nosil et al. 2005). Both scenarios, encompassed by the term 61 
ecological speciation, will result in a positive correlation between genetic differentiation 62 
and adaptive differentiation (isolation-by-adaptation, IBA, Rundle and Nosil 2005; 63 
Schluter 2009; Shafer and Wolf 2013). If the phenotypic target of selection is unknown 64 
or not easily measured, then environmental variation can be used as a proxy (isolation-65 
by-environment, IBE, Wang and Bradburd 2014). The null model in these cases is that 66 
the amount of gene flow between populations decreases as the geographic distance 67 
between them increases and genetic divergence is due simply to the neutral effects of 68 
genetic drift (isolation-by-distance, IBD, Wright 1943; Slatkin 1993). However, it is 69 
unclear which of these processes is most important to speciation due to the difficulty of 70 
distinguishing patterns of IBA or IBE from the expected pattern of IBD. 71 
Between species, ecological speciation predicts that environmental divergence 72 
will be associated with adaptive phenotypic divergence. Thisprediction is implicit in 73 
studies documenting niche divergence between closely related species (Graham et al. 74 
2004; Blair et al. 2013; Caro et al. 2013) as well as in macroevolutionary studies testing 75 
for correlations between rates of niche evolution and lineage diversification (Adams et al. 76 
2009; Kozak & Wiens 2010; Rabosky & Adams 2012; Rabosky et al. 2013; Martínez-77 
Cabrera & Peres-Neto 2013; Title & Burns 2015; Cooney t al. 2016; Seeholzer et al. 78 
2017). However, such correlations between phenotypic and environmental variation, 79 
either within or between species, may be due to spatial autocorrelation with eutral 80 
processes. Neutral phenotypic clines are likely to be found along environmental gradients 81 
due to spatial population expansion, admixture between previously isolated populations 82 
(Novembre & Di Rienzo 2009), or IBD. However, the signatures of these neutral 83 
processes are generally not discernable after speciation is complete. Examination of clinal 84 
adaptive variation within species, where the intermediate steps on the pa h to speciation 85 
are still observable, is paramount to assessing prevalence of patterns of IBA or IBE in 86 
nature and thus the role of ecological speciation in diversification. 87 
Local adaptation along environmental gradients is expected to lead to adaptive 88 
phenotypic clines that correlate with environmental variation (James 1970; Antoniazza et89 
al. 2010; VanderWerf 2012). Such adaptive phenotypic clines provide evidence for 90 
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2004) and the opportunity to test the relative importance of selection and genetic drift in 92 
structuring genetic variation among populations. For example, Bergmann’s Rule is the 93 
tendency for populations of a homeothermic species to have larger body sizes in colder 94 
climates (Bergmann 1847). The thermoregulatory advantages conferred by a reduced 95 
surface area to volume ratio is a leading hypothesis for this pattern in endotherms 96 
(Ashton 2002; Salewski & Watt 2016). Body size clines that are correlated with 97 
temperature gradients are common in nature, particularly in birds (Meiri & Dayan 2003). 98 
Such clines are most commonly observed within species, but closely related species also 99 
show the pattern (Ashton 2002) suggesting a role for local adaptation in speciation.  100 
Here, we test for natural selection’s role in generating a dramatic case of clinal 101 
phenotypic variation and rapid genetic differentiation across an elevational gradient in an 102 
Andean bird, the Line-cheeked Spinetail (Cranioleuca antisiensis). This sedentary, 103 
arboreal insectivore occupies a relatively small, linear distribution in the Andes from 104 
southern Ecuador to central Peru. Populations at the latitudinal extremes are sparated by 105 
~1000 linear km, resulting in a distribution that could fit inside the state of California, 106 
USA (Fig. 1). Its collective elevational distribution is one of the widest of any 107 
Neotropical bird (950 – 4500 m; Stotz et al. 1996), yet at any given latitude it occupies a 108 
relatively narrow elevational band (~1000 m). From low to high elevations along its 109 
latitudinal distribution, this elevational band contains a wide range of habitats, from semi-110 
deciduous tropical forest to semi-humid montane scrub to high-elevation Polylepis 111 
woodland. Following the predictions of Bergmann’s Rule, the body mass of C. 112 
antisiensis increases clinally almost threefold along this latitudinal and elevational 113 
gradient (individual extremes 11.5 g to 31.0 g; Fig. 2a), resulting in what may be the most 114 
extreme size variation per unit distance of any bird species in the world (seeBertrand et 115 
al. 2016 for another notable example, Zosterops borbonicus). The body mass cline of C. 116 
antisiensis is also accompanied by a cline in plumage coloration and patterning (Fig. S1). 117 
Southern populations are generally greyer with higher-contrast underparts than are 118 
northern populations. Size and plumage differentiation at the extremes of the cline are as 119 
great or greater than among the 27 congeners of C. antisiensis (Remsen 2003) and 120 
between many other avian sibling species. Finally, mitochondrial data suggest he 121 
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divergence between the geographic extremes of 1.1% and a divergence date of ~460,000 123 
years (Derryberry et al. 2011). Current taxonomy treats the northern and southern clinal 124 
extremes as separate species, C. antisiensis and C. baroni, respectively (Remsen et al. 125 
2017). However, it is widely acknowledged that these taxa likely constitute a single clinal 126 
species (Remsen 2003; Schulenberg et al. 2007). For convenience, we follow 127 
Schulenberg et al. (2007) and refer to the entire cline as C. antisiensis. 128 
 We tested for incipient ecological speciation in C. antisiensis using phenotypic 129 
and genetic data from populations distributed across the geographic and environmental 130 
breadth of C. antisiensis. We demonstrate that body mass variation in this species 131 
conforms to Bergmann’s Rule and that differentiation in body mass, but not plumage, 132 
among populations of C. antisiensis is greater than expected based on the neutral 133 
expectations set by thousands of independent nuclear markers, suggesting a role for 134 
selection in generating the body mass cline. We use sensitivity analyses (Brommer 2011) 135 
to demonstrate that this result is partially robust to environmental effects. We then test 136 
whether this adaptive cline in body mass has had any consequences for genetic 137 
differentiation among populations of C. antisiensis. To do this, we evaluate the relative 138 
importance of IBA, IBE, and IBD in structuring genetic variation among populations of 139 
C. antisiensis by using variance partitioning. 140 
 141 
Materials and methods 142 
Sampling and phenotypic measurements 143 
 We sampled 172 vouchered specimens of C. antisiensis from 19 populations 144 
(mean = 9, range = 2 − 16 individuals/population; Table 1), distributed across its 145 
geographic and environmental breadth (Fig. 1b). GFS collected 143 of these vouchers 146 
from June to August 2010 and August 2011. The remaining samples we borrowed from 147 
genetic resource collections at the Field Museum of Natural History (Chicago, IL), the 148 
Museum of Southwestern Biology (Albuquerque, NM), and the Louisiana State 149 
University Museum of Natural Science (Baton Rouge, LA). We calculated the cline 150 
position (in km) of each population as the fitted values of an orthogonal regression 151 
(odregress in R package pracma; Borchers 2014) on kilometer-based grid coordinates, 152 
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Kim and Wakefield 2010), with the cline origin in the north and terminus in the south 154 
(Fig. 1b). 155 
For each specimen, we recorded sex and body mass, and measured wing length 156 
and plumage coloration. Full details on the collection of these data can be found in the 157 
Supporting Methods. Briefly, we used wing length as an alternative metric of body size. 158 
We obtained plumage reflectance spectra for nine plumage patches and converted them 159 
using PCA into a single metric of plumage coloration that reflects avian visual perception 160 
based on Goldsmith’s (1990) tetrahedral color space (Stoddard and Prum 2008). 161 
 162 
Genotyping 163 
We used Genotyping by Sequencing (Elshire et al. 2011), restriction site associated DNA 164 
sequencing method (RAD-seq), to obtain SNP data. We followed protocols for extraction 165 
and library preparation as recommended by the Cornell Institute of Genomic Diversity 166 
(IGD). Full details can be found in Harvey et al. (2015). The IGD processed raw 167 
sequence reads from HiSeq runs using the UNEAK pipeline, an extension of TASSEL 168 
3.0 (Bradbury et al. 2007). The UNEAK pipeline retains all reads with a barcode, cut site 169 
and no missing data in the first 64 bp after the barcode. Reads are then clustered into tags 170 
of 100% identity. Tags are compared pairwise, and any tag pairs that differ by one bp are 171 
called as potential SNPs. Although other SNP calling methods permit less stringent 172 
clustering thresholds (Catchen et al. 2011; Eaton 2014), the clustering threshold has little 173 
effect on the estimation of common population genetic parameters for this species 174 
(Harvey et al. 2015). After processing with the UNEAK pipeline, we collapsed reverse 175 
complement tag-pairs and re-called genotypes using the method of Lynch (2009), 176 
implemented with custom perl scripts provided by T. A. White (White et al. 2013) and 177 
available at https://github.com/mgharvey/GBS_process_Tom_White/tree/master/v1. To 178 
increase the number of SNPs recovered after filtering, we excluded individuals that had 179 
less than 4,000 high-quality SNP loci. We removed potential paralogs by filtering out 180 
SNPs with heterozygosity greater than 0.75 and removed SNPs for which genotype calls 181 
were missing for more than 20% of the individuals. Our final SNP dataset w  composed 182 
of 5,154 SNPs with 80% complete coverage across 172 individuals. We used custom R 183 
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RAD-seq data can affect the genetic patterns recovered; however, relative FST
 188 
 estimates 185 
(the principal genetic summary statistic used our study) are robust to these potential 186 
biases (Shafer et al. 2016). 187 
Population Structure 189 
 To determine how genetic variation in our dataset was distributed among 190 
populations, we conducted a principal components analysis (PCA) using the function 191 
dudi.pca in the R package adegenet 2.0.1 (Jombart & Ahmed 2011). We used 192 
ADMIXTURE (Alexander et al. 2009) to determine the underlying population structure 193 
of our samples because its efficient maximum-likelihood framework suits large SNP 194 
datasets (Alexander & Lange 2011). We ran ADMIXTURE for K = 1 – 12 using default 195 
settings for all loci. To determine the most likely number of populations we used 196 
ADMIXTURE’s cross-validation procedure (cv flag set to 50) to estimate the cross-197 
validation error (CV-error) for each K, where the most likely values of K have low CV-198 
error (Alexander & Lange 2011). To quantify population differentiation for downstream 199 
analyses, we estimated global and pairwise FST
  204 
 values for each locus individually and 200 
across all loci following Weir and Cockerham (1984). We used the R package h irfstat 201 
0.04-22 for all global calculations (Goudet 2005) and the R package StAMPP for all 202 
pairwise calculations (Pembleton et al. 2013). 203 
Identification of outlier loci 205 
 Most of our analyses assume as input neutral genetic variation, so we identified 206 
and excluded loci potentially under selection. Statistical correlations between allel  207 
frequencies and environmental variation across populations may indicate that 208 
diversifying selection has acted on a locus. However, because the populations of C. 209 
antisiensis are distributed across a broad environmental gradient, such correlations are 210 
expected simply due to the neutral effects of shared population history and gene flow. We 211 
tested for correlations between allele frequencies and environmental variables while 212 
controlling for neutral population history using the program bayenv2 (Coop et al. 2010; 213 
Günther & Coop 2013). Full details can be found in the Supporting Methods. Briefly, we 214 
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and 20 environmental variables plus body mass. Loci exceeding the 95% quantile of the 216 
distribution of Bayes factor values for each variable were considered outliers. The 217 
remaining loci were considered neutral and appropriate for use in downstream analyses. 218 
 219 
PST - FST
The principal ingredient of ecological speciation is divergent natural selection. 221 
Neutral explanations for phenotypic variation can be rej cted if genetic differentiation at 222 
the loci coding for the phenotype (Q
: test of selection on quantitative traits 220 
ST) exceeds that of neutrally evolving loci (FST, 223 
Spitze 1993; Leinonen et al. 2013). If the loci underlying the trait are unknown, as is 224 
likely in most non-model systems or for highly polygenic traits (e.g. body size), then QST 225 
can be approximated by its phenotypic analog for quantitative traits, PST (Storz 2002; 226 
Leinonen et al. 2006; Brommer 2011). PST is best measured from populations reared in 227 
common gardens, which removes the contribution of environmental effects to phenotypic 228 
variation (Luquet et al. 2015). However, for most wild vertebrate species (including C. 229 
antisiensis) such experiments are not feasible. In these cases, PST-FST comparisons can 230 
be coupled with sensitivity analyses to gauge the degree to which inferences about 231 
selection are robust to the potential influence of environmental variation (Brommer 2011; 232 
Kekkonen et al. 2012; Bertrand et al. 2016). Despite widespread interest in the 233 
prevalence and correlates of body size clines, rigorous tests of their adaptive provenance, 234 
such as PST - FST
 We approximated Q
, are currently lacking (Salewski & Watt 2016).  235 
ST using the metric of phenotypic differentiation, PST
where ��2 is the phenotypic variance between populations, ��2  is the phenotypic variance 238 
within populations, h
 236 
(Leinonen et al. 2006), defined by Brommer (2011) as   237 
�ST = �ℎ2 ��2�ℎ2 ��2 + 2��2 , 
2 is the heritability of the trait, and the scalar c is the proportion of 239 
the total phenotypic divergence between populations due to the partitioning of additive 240 
genetic variance between populations. Put simply, c measures the degree to which 241 
phenotypic differences between populations are caused by between-population genetic 242 
differences rather than phenotypic plasticity in response to environmental differences or 243 
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approximates QST rests on the value of c/h
2
The ratio c/h
. For more detailed explanations of these 245 
variables see Brommer (2011) and Kekkonen et al. (2012).  246 
2 cannot be estimated directly from measurements of natural 247 
populations; therefore, we followed Brommer (2011) and determined the critical value of 248 
c/h2 above which PST exceeded FST. The lower this critical value, the greater the 249 
proportion of phenotypic variance due to phenotypic plasticity could be (in response to 250 
environmental variation among populations) and still have PST exceed the neutral 251 
expectations of FST. We computed the critical value of c/h
2 as the value of c/h2 at which 252 
the lower CI of PST equals the upper CI of the FST distribution. We derived the formula 253 
for c/h2 by setting the lower CI formulation of Eq. 1 equal to FST and solving for c/h
2
 where ��(�����)2  is the upper CI for the within-population variance, ��(�����)2  is the 256 
lower CI for the between-population variance, and F
, 254 
which resulted in the following equation 255 �ℎ2∗ = −2���(�����)��(�����)2��(�����)2 (���(�����) − 1)   , 
ST(upper) is the value of the upper CI 257 
of the distribution of FST
 We calculated global P
 values. 258 
ST values for body mass, wing length, and plumage using 259 
Bayesian generalized linear mixed models (O’Hara & Merilä 2005). We compared these 260 
PST values across the distribution of single-locus FST
 263 
 estimates. Further details can be 261 
found in the Supporting Methods. 262 
Predictors of Genetic Connectivity 264 
 We tested for patterns of IBD, IBE, and IBA while controlling for spatial 265 
autocorrelation among predictors with multiple matrix regression (MMRR; Legendre et 266 
al. 1994; Wang 2013) and variance-partitioning via commonality analysis (Prunier et al. 267 
2015). The predictor matrices were distance, environmental disparity, and mass disparity 268 
among all pairwise population comparisons. The response matrix was global pairwise 269 
FST
To obtain a metric of distance reflective of the most likely dispersal paths based 272 
on the habitat preferences of C. antisiensis, we calculated the least-cost path distance 273 
 (Weir & Cockerham 1984) calculated from the ‘neutral’ set of loci (see Identification 270 
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using a MAXENT distributional model (see section Environmental Variation and Niche 274 
Modeling) and functions in the R package distance (Etten 2015). Initial exploration of 275 
the data revealed that straight-line geographic distance (i.e. Euclidean, abbreviated as 276 
GEO) and the least-cost path distance based on the logistic output of the MAXENT 277 
model were highly correlated (Pearson correlation = 0.99). However, the MAXENT 278 
model over projected into a region of inhospitable habitat in the southern end of the 279 
distribution of C. antisiensis (see below) that corresponds to the Central Andean Wet 280 
Puno ecoregion as defined by The Nature Conservancy’s database of terrestrial 281 
ecoregions (Olson et al. 2001). We masked this ecoregion and calculated least-cost path 282 
distances (hereafter dispersal distance, DIST). Relative to dispersal distance, straight-line 283 
geographic distance and the least cost path distance based on the un-masked logistic 284 
output were inferior predictors of genetic connectivity (Fig. S2) and were not included in 285 
our final analyses. However, we present results using geo raphic distance in the 286 
Supporting Information. 287 
To quantify environmental disparity (ENV) among the populations, we extracted 288 
data on the same bioclimatic variables used for MAXENT modeling (see Environmental 289 
Variation and Niche Modeling) from the BioClim database of present-day climatic 290 
conditions (Hijmans et al. 2005) for each individual’s locality and calculated each 291 
variable’s mean for each population. We did a PCA of the mean BioClim values using 292 
the R function prcomp and calculated the multivariate geographic distance among 293 
populations in this principal component space. We also calculated the elevational 294 
disparity (ELE) between all populations as a complem ntary metric of environmental 295 
disparity. We calculated two metrics of phenotypic divergence: disparity in mean body 296 
mass (MASS) and plumage coloration (PLUM). Body mass and wing length were highly 297 
correlated and results for wing length did not differ from body mass (Fig. S3). We 298 
excluded four populations for which we did not have plumage data from the univariate 299 
regressions involving plumage (see below). 300 
We tested for a positive linear relationship between pairwise FST values and each 301 
predictor matrix using univariate matrix regression as well as multivariate models using 302 
multiple matrix regression with randomization (MMRR; Wang 2013). We tested 303 
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Plumage disparity had little explanatory power for pairwise FST (R
2
We conducted a commonality analysis to determine the relative contribution of313 
each predictor to pairwise F
 = 0.043) in univariate 305 
regression (Table 3) and, for simplicity, we excluded it from our multivariate analyses. 306 
All matrix regressions were implemented with the “MMRR” function from the 307 
supplementary material of Wang (2013) with 1,000 permutations to assess significance. 308 
Prior to running the multivariate models, we standardized all predictor variables with a z-309 
transformation by subtracting the mean and dividing by the standard deviation. This 310 
allows direct comparison of the regression coefficients as beta weights to assess the 311 
relative importance of the variables in predicting genetic relatedness (Prunier et al. 2015). 312 
ST while accounting for collinearity among the predictor 314 
matrices. Commonality analysis partitions the overall variance explained by a multiple 315 
linear regression model (i.e. its R2
We calculated commonality coefficients using functions in the R package yhat 324 
(Nimon et al. 2013). We computed 95% confidence intervals around the commonality 325 
coefficients by bootstrapping with 1000 replicates based on random selection of 90% of 326 
the 19 populations without replacement (Peterman et al. 2014) using R code from Prunier 327 
et al. (2015). 328 
) into the unique contributions of each predictor 316 
variable and the common contributions of all possible combinations of predictor variables 317 
(Prunier et al. 2015). For each predictor, a unique effect (U) represents the amount of 318 
variance explained by that predictor alone as well as a common effect (C) that represents 319 
the proportion of variance that can be explained by that predictor and one or more of the 320 
other predictors together. The total effect (U+C) represents the total contribution of a 321 
predictor irrespective of collinearity among other predictors (P unier et al. 2015; Renner 322 
et al. 2016). 323 
 329 
Environmental Variation and Niche Modeling 330 
 We used MAXENT as implemented in the R package dismo (Hijmans et al. 2013) 331 
to model the distribution of C. antisiensis based on its presence localities, a set of 332 
randomly generated pseudo-absence localities, and environmental data. We obtained 333 
locality records from three sources: specimens, audio recordings, and observational 334 
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occurred within 2 km of each other, resulting in 134 presence points (Fig. 1). We 336 
extracted elevation and 19 bioclimatic variables from the BioClim database of present-337 
day climatic conditions (Hijmans et al. 2005) for each locality. We supplemented these 338 
variables with two more direct metrics of habitat, percent tree cover (TREE) and 339 
Normalized Difference Vegetation Index (NDVI). We used all 22 variables as predictors 340 
in our MAXENT model. Because MAXENT is a machine learning algorithm, reducing 341 
the number of predictors variables (ostensibly to avoid auto-correlation) is not necessary 342 
as the algorithm weights the predictors based on their importance (Elith et al. 2011). We 343 
generated random pseudo-absence localities by randomly sampling 5,000 localities from 344 
the background environmental space of C. antisiensis. We used the R package ENMeval 345 
(Muscarella et al. 2014) to tune our MAXENT model settings by comparing among 346 
different combinations of regularization multip iers, RMvalues = c(0.5,1,3), and feature 347 
class combinations, fc = c('L','LQ','H','LQH'), using the function ENMeval(). We used the 348 
random k-fold algorithm (k=5) to partition the presence and pseudo-absence localities 349 
into test and training datasets. We used the Akaike information criterion corrected for 350 
small sample sizes (AICc) to choose the top model. We then input the parameter settings 351 
of the top MAXENT model into the function maxent() from the R package dismo as well 352 
as our environmental predictors, presence localities, and randomly generated background 353 
points. We used the following MAXENT arguments 354 
args=c('betamultiplier=1','linear=true','quadratic=true','product=false','threshold=false','hi355 
nge=false','threads=4','responsecurves=true','jackknife=false',' skoverwrite=false','outputf356 
ormat=logistic'). We did not withhold presence localities for model evaluation because 357 
model evaluation had already been performed by the function ENMeval().  358 
The logistic output of MAXENT over projected into the high Andean steppe that 359 
divides the forested habitats preferred by C. antisiensis in the southeastern and 360 
southwestern portions its distribution. This region of inhospitable habitat corresp nds to 361 
the Central Andean Wet Puno ecoregion as defined by The Nature Conservancy’s 362 
database of terrestrial ecoregions (Olson et al. 2001). We used a shapefile of this 363 
ecoregion to mask the logistic raster output of the MAXENT model whereby all raster 364 
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Supporting Methods for additional details on locality vetting, sampling of background 366 
points, environmental predictors, and MAXENT modelling. 367 
 368 
Results 369 
Clinal Body Size Variation 370 
We found that the body mass of C. antisiensis almost triples (Fig. 2a) from the 371 
northernmost sampling locality (pop. 1) in northwestern Peru to the southernmost 372 
localities in central Peru (pop. 15). Between these extremes lies a mooth body mass 373 
cline, apart from the four southernmost populations (pops. 16-19, open circles) on the 374 
arid southwest slope in the departments of Ancash and Lima (hereafter SW slope). Birds 375 
from three of these populations (pops. 17-19) are about 8 g smaller than expected given 376 
their position on the transect, yet display the same latitudinal trend of increasing body 377 
mass from north to south. They will be discussed further below. Across all populations, 378 
body mass was correlated with elevation (R2 = 0.47, Fig. 2b) and temperature (R2 = 0.37, 379 
Fig. 2c), conforming to Bergmann’s Rule. These relationships were stronger when the 380 
outlier SW slope populations were excluded (elevation R2SW slope excluded = 0.73, 381 
temperature R2 SW slope excluded
 The variation in plumage coloration from north to south along the geographic 383 
transect was not as strongly clinal as for body mass (Fig. 2d)  Still, the correlation with 384 
elevation for plumage coloration (R
 = 0.68). 382 
2 = 0.43) was almost as strong as for body mass (R2 = 385 
0.47, Fig. 2e). One notable biogeographic trend in plumage coloration is for darker 386 
plumages to occur in more humid habitats, termed Gloger’s Rule (Gloger 1833), which is 387 
presumably due to local adaptation (James 1991; Burtt & Ichida 2004). We found little 388 
evidence for this association in our plumage data (R2
 391 
 = 0.09, Fig. 2f) and have no 389 
compelling adaptive explanation for the plumage variation of C. antisiensis. 390 
Population Structure 392 
 We found a clear signal of clinal geographic population structure in the SNP 393 
dataset. The first two principal components of the SNP matrix explained 20.3% of the 394 
genetic variation in the dataset (Fig. 1a) and revealed three spurs of continuous genetic 395 
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These spurs were geographically structured, and the relative position of the individuals in 397 
PC space conformed to the spatial distribution of their respective populations (Fig. 1b). 398 
Genetic PC1 (gPC1) reflected the spatial distribution and genetic divergence between the 399 
Cerros de Amotape (pop. 1), the populations of the SW slope (pops. 16-19), and the rest 400 
of the populations (pops. 2-15) as well as among the individuals of the SW slope 401 
populations. In contrast, gPC2 did not reflect the spatial distribution of the populations, 402 
but rather their body mass. Surprisingly, we found that gPC2 was highly predictiv  of 403 
individual body mass (R2
The ADMIXTURE analysis corroborated the patterns in the PCA. Individuals 407 
from a given sampling locality varied little in their assignment probabilities across all 408 
values of K examined (Fig. S4). Using ADMIXTURE’s cross-validation (CV) procedure, 409 
we found that K = 7 had the lowest CV-error and therefore was the most likely number of 410 
ancestral populations. However, a clear trough of equally-ow CV-error values from K = 411 
4 to 11 (Fig. S5) indicates ambiguity in the number of ancestral populations. This 412 
ambiguity can be seen in the smooth transitions between ancestral populations, the resul  413 
of IBD. 414 
 = 0.87, Fig. 3). This could be due to the presence of 404 
quantitative trait loci for body mass, a pattern of IBA, or IBD due to spatial-405 
autocorrelation of body mass with distance (s e Discussion). 406 
 415 
Outlier Analysis 416 
 BF scores for five environmental variables (Bio4, Bio15, Bio16, NDVI, and 417 
TREE) had 95% quantile thresholds less than the minimum of 3. These thresholds were 418 
increased to three (see Methods). 1,823 loci had BF values greater than the thres old for 419 
at least one of the 23 variables of interest, indicating a significant statistical association. 420 
Most loci (45%) were only associated with a single variable and 70% of the identified 421 
loci were associated with three or fewer variables. Predictably, variables of a similar class 422 
(temperature or precipitation) shared the highest number of loci (Table S1), yet in 423 
general, the vast majority of loci showed significant associations with only a few of the424 
variables. Due to this inconsistency, we do not consider these loci under selection. 425 
Instead, we consider all loci without strong statistical associations with any of the 426 
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analysis. Regardless, the pairwise FST
 431 
matrices derived from all loci and the neutral loci 428 
were highly correlated (Pearson correlation = 0.99), and their exclusion had little effect 429 
on our inferences. 430 
PST - F
We found evidence consistent with, but not proof of, an adaptive origin of the clinal 433 
divergence in body mass among populations of C. antisiensis. For body mass and wing 434 
length, among all populations, the critical c/h
ST 432 
2 values were 0.70 and 0.75, respectively 435 
(Table 2, Fig. 4a,b). The SW slope populations are geographically isolated and 436 
genetically distinct from their nearest neighboring populations in the central Peruvian 437 
Andes (pops. 10-15, Fig. 1) and their variation in body mass is anomalous relative to the 438 
trend shown among the other populations (pops. 1-15). For instance, one of the 439 
populations found at the highest elevations (Quichas, pop. 18) had an average body mass 440 
almost 10 g lighter (20 g) than expected given its elevation (expected = ~ 30 g). When 441 
these populations were excluded, we found that the critical c/h2
To demonstrate the significance of this decrease, we calculated c/h
 value for both body mass 442 
and wing length decreased to 0.46 and 0.58 respectively, suggesting hat our inferences 443 
about selection on body size among all populations were weakened by inclusion of the 444 
SW slope populations.  445 
2 values for 446 
100 population subsets from which we excluded four populations at random that were not 447 
from the SW slope. For body mass and wing length, none of these randomly generated 448 
population subsets had decreased critical c/h2 values close to the critical c/h2 values when 449 
the SW slope populations were removed (Fig. S6). In fact, the vast majority of critical 450 
c/h2 values were much greater than the critical c/h2
Finally, we found no evidence that selection has shaped plumage differentiation 452 
among populations of C. antisiensis. For analyses that both included and excluded the 453 
SW slope populations, the lower confidence limit of plumage differentiation did not 454 
exceed neutral expectations with high critical c/h
 value for all populations.  451 
2
 457 
 values of 1.76 and 1.90 for body mass 455 
and wing length, respectively (Table 2, Fig. 4c). 456 















This article is protected by copyright. All rights reserved 
All variables had significant positive associations with pairwise FST in univariate 459 
regression (Table 3, Fig. 5), as expected due to the collinearity of the predictor matrices. 460 
Although disparity in mass, plumage, environment, and elevation were all significant 461 
univariate predictors of FST, dispersal distance was the best predictor (R
2
In commonality analysis, the multivariate model explained a high percentage of 467 
total variance in F
 = 0.68) and had 462 
the highest beta-weight (B = 0.11). Our multivariate models further supported the 463 
importance of dispersal distance. After controlling for all other predictors, dispersal 464 
distance and elevation were the only significant predictors of genetic distances, yet only 465 
dispersal distance was a significant predictor after removing the SW slope populations.  466 
ST among populations (R
2 = 0.71; Table 4). By far, the single most 468 
important predictor of FST
We found that geographic distance and raw (un-masked) least-cost path distances 482 
were highly correlated (Pearson correlation = 0.99). Although these distance metrics 483 
performed better than the non-distance predictors, the superiority of dispersal distance 484 
indicated that masking the inhospitable Central Andean Wet Puna ecoregion in our 485 
MAXENT model improved its ability to explain genetic connectivity within C. 486 
antisiensis. For comparison, we also ran all analyses using straight-line geographic 487 
distance instead of dispersal distance. The multivariate model using geographic distance 488 
explained considerably less of the genetic variance (R
 was dispersal distance, which uniquely accounted for 48% of 469 
the total variance explained by the multivariate model (Fig. 6). In combination with the 470 
other predictor variables, the dispersal distance had a common effect coefficient of 0.34, 471 
which accounts for 48% of the total variance explained by the model, resu ting in a total 472 
effect of 95%. In contrast, the other predictor variables (MASS, ELE, ENV) each 473 
negligibly contributed to the variance explained by the model. Each uniquely contributed 474 
no more than 2% to the overall model and the only significant predictor was MASS. Our 475 
results did not differ even when the outlier SW slope populations were excluded (Table 4, 476 
Fig. S7); dispersal distance was still the most important predictor uniquely accounting for 477 
27% of the total variance explained by the multivariate model. Again, neither body mass, 478 
environment, nor elevation provided a substantial unique contribution to the explanatory 479 
power of the model. However, there was an increase in the common effect of dispersal 480 
distance and body mass. 481 
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multivariate model with dispersal distance. No single predictor variable had a large 490 
unique contribution to the multivariate model. While the effect of body mass was slightly 491 
higher than for geographic distance, overlapping confidence intervals rendered the 492 
contributions of these variables virtually equal (Fig. S8). 493 
 494 
Discussion 495 
A near three-fold clinal increase in body mass of C. antisiensis is associated with 496 
a gradient in latitude, elevation, and temperature (Fig. 2); these patterns are consistent 497 
with Bergmann’s Rule and with the hypothesis that body size i  optimized by natural 498 
selection to local thermoregulatory demands or by some other factor that covaries with 499 
the temperature gradient. Using a PST-FST
 514 
 analysis, we found that the amount of body 500 
mass differentiation among populations of C. antisiensis exceeded neutral expectations 501 
(Table 2, Fig. 4), however the critical values were not substantially reduced from 1 (for 502 
body mass, 0.7 for all populations, 0.46 with the SW slope removed). While this is 503 
consistent with a role for natural selection in driving the body mass cline, it does not rule 504 
out a role for phenotypic plasticity due to environmental effects (Brommer 2011; 505 
Brommer et al. 2014). Regardless of the relative contribution of natural selection vs. 506 
phenotypic plasticity to the body mass cline, we did not find strong evidence that this 507 
cline has been important in structuring enetic variation. Rather, the best predictor of the 508 
amount of genetic differentiation was dispersal distance across all populations. That is, a 509 
null-model of IBD is sufficient to explain the geographic structuring of genetic variation 510 
within C. antisiensis. Although this system is characterized by striking phenotypic 511 
variation along a wide ecological gradient, a potential catalyst of ecological speciation, 512 
we did not find strong evidence for incipient ecological speciation. 513 
Clinal variation 515 
We found the significant negative association between body mass and 516 
temperature for C. antisiensis predicted by Bergmann’s Rule (Fig. 2c), suggesting that 517 
local adaptation for thermoregulation has played a role in the origins of the body size 518 
cline. This relationship was strengthened after excluding the outlier populatins on the 519 
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mean annual temperature. One population in particular, Quichas (pop. 18), was about 10 521 
g smaller than expected given the locality’s elevation and temperature. Quichas is most 522 
closely related to other populations on the SW slope, and it likely represents a recent 523 
colonization of the high-elevation Polylepis woodlands from lower elvation montane 524 
scrub where the other SW slope populations are found. Further, the SW slope populations 525 
are generally smaller given their transect position, elevation, or mean annual temperature. 526 
Their smaller size may be due to the more arid, less productive environment they live in, 527 
which is consistent with environmental effects limiting their body size. If this is true, this 528 
would mean that a mosaic of neutral and selective processes were involved in shaping the 529 
phenotypic variation of C. antisiensis. 530 
Body mass in C. antisiensis was less correlated with elevation and temperature 531 
than with the population’s position on the latitudinal transect. This may be due to 532 
insufficient resolution of the BioClim dataset due to the complex topography of the 533 
Andes. Alternatively, perhaps the geographic cline in body size reflects the long-term 534 
evolutionary optimum in body size that incorporates local movements and shifts in the 535 
distribution of habitat through climatic cycles. Regardless, C. antisiensis is unique among 536 
birds in its degree of body size divergence across such a wide elevation and temperature 537 
gradient within such a narrow latitudinal span (7.4°). Other examples of Andean birds 538 
exhibiting Bergmannian body size clines in the Andes (Graves 1991; Gutiérrez-Pinto et 539 
al. 2014) do so across much wider latitudinal spans (12° and 40°, respectively), with 540 
comparatively smaller body size differences between the extremes. However, there is a 541 
general trend for Andean bird species to be larger at higher elevations and colder 542 
temperatures (Blackburn & Ruggeiro 2001), suggesting that more examples may be 543 
found by examining closely-related species. 544 
 545 
Correlation between body mass and PC2 546 
 One of the most striking patterns in the dataset was the tight linear relationship 547 
between body mass and the second principal component of genetic variation (gPC2, R2 = 548 
0.87, Fig. 3). Quantitative trait loci (QTL) have been shown to be partially responsible for 549 
strong correlations between beak size variation and the first principal component of 550 
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differing in bill size (Chaves et al. 2016). They hypothesized that much of this 552 
relationship was primarily due to non-random mating between birds of similar beak siz s 553 
i.e. IBA. In contrast, the body size variation in C. antisiensis appears to be due to non-554 
random mating imposed by geographic separation rather than female choice. Indeed, the 555 
effect of IBA was very weak across the entire SNP dataset after controlling for 556 
geographic distance with almost no unique contribution to genetic differentiation (Fig. 6). 557 
This suggests that the strong correlation between body mass and gPC2 in C. antisiensis 558 
could be due to the collinearity of body mass variation and geographic distance. Further, 559 
after excluding outlier loci we recovered the same relationship between body mass and 560 
gPC2 (R2
 564 
 = 0.82, Fig. S9). Still, populations on the SW slope were almost identical to 561 
geographically disparate populations to the north in their body mass and gPC2 scores and 562 
this pattern is best explained by the gPC2 representing variation in QTL for body mass.  563 
Support for local adaptation 565 
Body size clines that are correlated with temperature gradients are common in 566 
nature, particularly in birds (Meiri & Dayan 2003). These correlations are often taken as 567 
evidence of local thermoregulatory adaptation; however, the precise selective agent is 568 
debatable as many variables that plausibly link to variation in body mass also co-vary 569 
with elevation, temperature gradients, or latitude. Regardless, such correlations are only 570 
suggestive of natural selection (Endler 1986), and rigorous tests of their adaptive 571 
significance are lacking (Salewski & Watt 2016). We used the PST-FST
The interpretation of P
 framework to test 572 
for natural selection’s footprint on body size variation in C. antisiensis.  573 
ST-FST comparisons rests on the critical value of c/h
2, with 574 
lower values considered to be more indicative that inferences of selection are robust to 575 
variation in the strength of environmental effects among populations (Brommer 2011).576 
But what is an appropriate critical value of c/h2
It would be challenging to estimate c and h
? Such a value cannot be specified and is 577 
largely dependent on the phenotypic trait being examined. Specifically, it does not strictly 578 
depend on the heritability of the trait (just so long as the trait is heritable) but rather on 579 
geographic variation in the heritability of the trait, that is, the variable c (Brommer 201).  580 
2 in C. antisiensis given the daunting 581 
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experiments, but studies of other bird species that calculated a critical c/h2 value provide 583 
points of comparison. Brommer et al. (2014) and Bertrand et al. (2016) found critical c/h2 584 
values for various skeletal traits related to body size in the House Sparrow (Passer 585 
domesticus) and Réunion Grey White-eye (Zosterops borbonicus), respectively, similar 586 
to the critical value for our two body size metrics (body mass and wing length, excluding 587 
the SW slope populations). Both studies also examined body mass. Although Bertrand et 588 
al. (2016) recovered a critical c/h2 value for body mass (0.47) very close to our critical 589 
c/h2 value for C. antisiensis (0.46, excluding SW slope), Brommer et al. (2014) obtained a 590 
much smaller critical value of ~0.1 for body mass. In both cases, body mass also showed 591 
a negative correlation with temperature/elevation as predicted by Bergmann’s Rule. 592 
Regardless, Brommer (2011, page 1167) cautions that “the critical c/h2 ratio would need 593 
to be low (< 0.20) to have any basis for drawing inferences on selection”. While our PST-594 
FST
Still, two aspects of our data bolster the hypothesized role of natural selection. 597 
First, the correlation between temperature and body mass increased when the SW slope 598 
populations were excluded as these populations do not conform as tightly to the 599 
predictions of Bergmann’s Rule as the other populations. When the SW slope populations 600 
were excluded from the P
 results are consistent with a role for natural selection, they do not rule out phenotypic 595 
plasticity due to environmental effects in driving the formation of the body size cline. 596 
ST-FST comparisons, the critical c/h
2 value for both body mass 601 
and wing length also shifted down, which is the expected direction if the SW slope 602 
populations were inflating the critical c/h2 values. This suggests that environmental 603 
effects may be more important than natural selection in the history of body mass 604 
differentiation among the SW slope populations relative to the other populations. 605 
Unfortunately, our sample sizes from the SW slope were too small to formally test this 606 
hypothesis using PST-FST
Second, we found weak support for the most plausible adaptive explanation for 608 
plumage coloration, Gloger’s Rule, and thus had no a priori reason to expect that our 609 
P
 comparisons. 607 
ST-FST analysis of plumage coloration would indicate selection. Indeed, the critical c/h
2 610 
values for plumage were greater than one (Table 2, Fig. 4), allowing plumage to serve as 611 
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conformed to Bergmann’s Rule, pointing to selection, which was corroborated by our 613 
PST-FST
Because P
 comparisons. 614 
ST
 621 
 is calculated from natural populations, environmental effects cannot 615 
be controlled for. Although we have found evidence for a non-zero influence of selection, 616 
the rest of the phenotypic variance unexplained by selection is divided in some unknown 617 
proportion between neutral genetic drift and environment-mediated phenotypic plasti ity. 618 
Thus our results suggest, but do not prove, that divergent natural selection has driven 619 
local adaptation through t e body size cline of C. antisiensis. 620 
The role of plumage and song 622 
Plumage and vocal differences are expected to play a more important role in 623 
conspecific recognition and mate-choice in birds than body size (Price 2007) and thus 624 
may be important in structuring genetic variation. We found little support for the role of 625 
selection in shaping plumage variation, a d plumage divergence explained almost none 626 
of the variation in genetic divergence in our dataset (Table 3, Fig. 5). We also examined 627 
preliminary data on song. These data indicate that the peak frequency of the song of C. 628 
antisiensis (a staccato series of accelerating, descending notes) is negatively correlated 629 
with cline position, elevation, and temperature (Seeholzer et al. in prep). Although we do 630 
not have body mass associated with the vocal data, it is clear that larger birds in the south 631 
have lower peak frequencies than smaller birds in the north, as predicted by the scaling of 632 
the syrinx with body size (Ryan & Brenowitz 1985). Thus, natural selection may be 633 
indirectly driving song divergence through its influence on body size variation (Podos 634 
2001). This hypothesis could be tested by resampling the transect to obtain recordings for 635 
vouchered specimens with body mass data. Still, due to the expected co-linearity of song 636 
variation with body mass, we doubt song divergence will exceed the strength of IBD. 637 
 638 
Implications for Cranioleuca diversification 639 
The genus Cranioleuca has an elevated rate of lineage diversification, 640 
morphological evolution and climatic-niche evolution relative to the rest of its family 641 
Furnariidae (García-Moreno et al. 1999; Derryberry et al. 2011; Seeholzer et al. 2017). 642 
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without adaptive phenotypic divergence, we previously hypothesized that Cranioleuca’s 644 
elevated rate of lineage diversification was due to the additional species richness 645 
generated by rapid speciation across enviromental gradients (Seeholzer et al. 2017). Our 646 
results in this study do not support this view. Although environmental divergence is 647 
likely to have selected for body size divergence it has not impacted genetic structure and, 648 
in practice, body size is generally not an important character in avian species delimitation 649 
(Price 2007). Rather, the considerable plumage differentiation of C. antisiensis, the 650 
primary character of avian taxonomy, appears to be the result of neutral processes (Fig. 651 
4). Perhaps due to small effective population sizes owing to the species’ patchy, highly 652 
subdivided distribution, plumage evolution via genetic drift may explain the rapid 653 
phenotypic divergence within C. antisiensis, as has been documented in other 654 
Cranioleuca (Remsen 1984).  655 
Given the breadth of its geographic distribution and climatic-niche, Cranioleuca 656 
as a genus must be particularly adept at range expansion and colonization of novel 657 
environments relative to most other bird genera in the Neotropics. Rapid local adaptation 658 
and phenotypic divergence is expected to occur at the vanguard of such range expansions 659 
(García-Ramos & Kirkpatrick 1997), which Mayr proposed as an important driver of 660 
incipient speciation (Mayr 1982). We plan to test for a demographic model of range 661 
expansion in C. antisiensis in a future study. Yet, the results of this exercise may be moot 662 
with respect to Mayr’s predictions, as local adaptation does not appear to be directly 663 
driving incipient speciation in C. antisiensis. Rather, a more plausible scenario for 664 
speciation in C. antisiensis, and Cranioleuca in general, is one in which plumage 665 
differentiation due to neutral processes or sexual selection becomes fixed within 666 
populations following geographic isolation, ultimately leading to their formal description 667 
as species. However, the few documented contact zones between Cranioleuca taxa 668 
(Remsen 1984; Claramunt 2002, this study) suggest that plumage differentiation may not 669 
be sufficient for complete reproductive isolation. 670 
 671 
Implications for IBA, IBE, and ecological speciation 672 
Much of the empirical support for the prevalence of ecological speciation in 673 
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However, data for these studies generally come from geographically restricted subsets of 675 
a species’ entire distribution (Smith et al. 1997; Colbeck et al. 2011; Funk et al. 2011; 676 
Andrew et al. 2012; Gailing et al. 2012; Sexton et al. 2013; Spurgin et al. 2014; Zhen et 677 
al. 2017; for additional examples see Table S1 of Sexton et al.2013). At such narrow 678 
geographic scales, the presence of IBA/IBE is undeniable but the extent to which the 679 
population divergence in these systems represents incipient speciation is debatable. 680 
Phenotypic divergence is either not present (as is often the case in studies of isolation-by-681 
environment, e.g. Cooke et al. 2012; Manthey & Moyle 2015) or much lower than what 682 
is generally considered species-l vel divergence (Milá et al. 2009). Although these 683 
studies provide invaluable empirical support for the theoretical predictions of incipient 684 
ecological speciation, we show that when these patterns are examined across a species’ 685 
entire distribution and for a species like C. antisiensis, where the phenotypic extremes 686 
have diverged to the level of species, IBA is much less important than IBD in structuring 687 
genetic variation. It follows that the importance of ecological speciation to diversif cation 688 
will be best revealed through studies of organisms showing species-l vel differentiation 689 
or conducted at geographic scales relevant to speciation (e.g. Safran et al. 2016). At least 690 
for birds, IBA likely plays a negligible role in lineage diversification and neutral 691 
processes coupled with geographic isolation should continue to be the null model of 692 
avian diversification (sensu Mayr 1963). 693 
The results of this study also illustrate how positive correlations between 694 
biogeographic patterns of diversification and environmental or phenotypic divergence do 695 
not in and of themselves support ecological speciation. If ecological speciation occurs in 696 
an allopatric context, then the newly formed allopatric species pair is expect d to show 697 
adaptive phenotypic divergence to differing environments. What follows is the prediction 698 
that climatic-niche divergence drives speciation. This predication has motivated the use 699 
of species-distribution models or climatic-niche data in phylogeography (Graham et al. 700 
2004; Peterson et al. 2011) and macroevolution (Kozak & Wiens 2010; Seeholzer et al. 701 
2017). However, these patterns can be generated by neutral processes. That is, spatial 702 
autocorrelation between allopatric speciation and environmental or adaptive phenotypic 703 
divergences can lead to erroneous conclusions about the role natural selection plays in the 704 
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Without the clinal intermediates, perhaps due to local extinction, the geographic 706 
extremes of C. antisiensis would be considered distinct, allopatric species; the 707 
pronounced phenotypic and environmental divergences of the geographic extremes of C. 708 
antisiensis would be taken as evidence of ecological speciation (as explained above) 709 
despite natural selection’s negligible role in genetic differentiation and plumage 710 
divergence revealed in this study. This scenario is plausible for a wide array of allopatric 711 
species occurring in different environments. Studies of clinally varying species, like C. 712 
antisiensis, provide knowledge of the intermediate stages on the path to speciation 713 
necessary to rule out such a scenario. 714 
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Figure 1. Genetic variation and geographic distribution of C. antisiensis. (a) The first two 1008 
principal components of the matrix of 5,154 SNPs across 172 individuals of C. 1009 
antisiensis explained 20.3% of the genetic variance. Proportion of genetic variance 1010 
explained by each axis in parentheses. Pie charts represent the individual ADMIXTURE 1011 
assignment probabilities to ancestral populations at K = 7. (b) The geographic distribution 1012 
of C. antisiensis as defined by the logistic output of the MAXENT model where absence 1013 
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overlaid on elevation contours. Pie charts are population averages of ADMIXTURE 1015 
assignment probabilities. Red dots with white centers are localities used in the MAXENT 1016 
model that did not have genetic data. Locality labels correspond to Table 1. Red dashed 1017 
line represents transect from orthogonal regression (see Materials and Methods). The 1018 
Central Andean Wet Puna ecoregion (brown shading) forms a biogeographic barrier to 1019 
dispersal between the central Andean populations (10-15) and the SW slope populations 1020 
(16-19). 1021 
 1022 
Figure 2. Clinal variation in body mass and plumage color, and their relationships with 1023 
environmental variation. (a) The body mass of Cranioleuca antisiensis almost triples 1024 
along a smooth geographic cline from north to south. (b) Body mass is positively 1025 
correlated with elevation and (c) negatively correlated with mean annual temperature. (d) 1026 
Clinal variation in plumage coloration is also relat d to (e) elevation. (f) Precipitation is 1027 
only weakly related to plumage coloration. Points represent individuals and are overlain 1028 
on the population means (larger grey circle) and standard deviations (vertical grey bars). 1029 
Individuals from the SW slope are epresented as hollow circles. The relationships for 1030 
body mass were stronger when the SW slope populations are excluded (solid line) than 1031 
among all populations (dashed line). 1032 
 1033 
Figure 3. The correlation between individual body mass and gPC2. Cline position of 1034 
each individual is represented by both circle radius and shading with northern populations  1035 
being smaller in diameter and darker and southern populations larger in diameter and 1036 
lighter. Note the clustering of pops. 18 & 19 from the SW slope with the geographically 1037 
disparate northern pops. 2 & 3 around gPC2 = 20, representing convergence on smaller 1038 
body size by SW slope pops. 18 & 19. 1039 
 1040 
Figure 4. PST-FST comparisons of phenotypic differentiation with neutral genetic 1041 
differentiation. Our results were consistent with divergent selection on a) body mass and 1042 
b) wing length, but not c) plumage. The upper panel is for comparisons across all 1043 
populations whereas the lower panel is for comparisons from which the SW slope 1044 
populations were excluded. PST (blue line) is plotted as a function of c/h
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CIs (dotted blue line and light blue interior). The value of c/h2 at which the lower 1046 
confidence limit of PST (lower dotted blue line) equals the upper confidence limit of FST 1047 
(upper dotted horizontal red line) is the critical value of c/h2 (vertical black dashed line) 1048 
at which PST no longer exceeds FST. The lower this critical value the more robust 1049 
inferences of selection are to environmental effects. The solid horizontal red line is the 1050 
global FST estimate for each dataset and the red vertical histogram is the distribution of 1051 
single-locus FST estimates. Y-axis shared by unit-less PST and FST, which vary between 1052 
zero and one. X-axis is c/h2
 1056 
, which represents the degree to which the overall phenotypic 1053 
divergence among populations relative to within populations is due to additive genetic 1054 
effects. 1055 
Figure 5. Pairwise distance matrices of FST
 1060 
 against dispersal distance, mass, plumage, 1057 
and elevation. Regression lines represent significant univariate MMRR. Dashed line for 1058 
all populations, solid line for regression with SW slope populations excluded.  1059 
Figure 6. Commonality analysis. Dispersal distance is the single most i portant 1061 
predictor of genetic distance among populations of C. antisiensis based on a commonality 1062 
analysis of the multivariate model FST ~ DIST + ELE + ENV + MASS. The 15 1063 
commonality coefficients from this analysis represent the percent variance of the pairwise 1064 
FST values among populations explained by each set of predictors. The percent total, 1065 
summing to 100, represents the proportion of the variance in FST explained by the overall 1066 
multivariate model (0.71) explained by each predictor set. The confidence intervals were 1067 
computed with a bootstrap procedure, 1000 replicates of a random selection of 90% of 1068 
the 19 populations without replacement. The unique effects (U) of each of the four 1069 
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Table 1. Sampling data. Coordinates, mean elevation, body mass, wing length, and plumage coloration principal component values followed by their standard deviations. Number of 
individuals in each population with genetic data (SNPs) and data on body mass, wing length, and plumage coloration. Numbering corresponds to population labels in Fig. 1 and Fig. S4.  
 Locality Transect Position Coordinates Elevation (m) Body Mass (g) Wing Length (mm) Plumage 
Sample Size 
 
SNPs Mass Wing Length Plumage 
1 Cerros de Amotape 0 -4.15, -80.62 1107 +/- 73 12.47 +/- 0.92 58.66 +/- 1.00 -1.35 +/- 1.61 10 10 5 5 
2 Canchaque 186 -5.38, -79.57 2420 +/- 269 16.84 +/- 1.33 65.17 +/- 2.45 -2.43 +/- 1.14 5 5 5 5 
3 Abra Porculla 221 -5.81, -79.49 2176 +/- 169 16.92 +/- 0.47 65.37 +/- 1.56 -4.67 +/- 1.43 13 12 7 9 
4 Llama 305 -6.52, -79.11 2412 +/- 301 19.09 +/- 1.29 69.33 +/- 1.47 -2.26 +/- 1.06 8 7 6 7 
5 Contumaza 393 -7.40, -78.79 2610 +/- 37 24.87 +/- 1.72 73.75 +/- 1.25 0.59 +/- 1.66 8 5 2 3 
6 Celendin 432 -6.88, -78.12 2983 +/- 160 24.16 +/- 0.82 74.62 +/- 2.99 -2.53 +/- 1.30 10 8 8 8 
7 Duraznopampa 449 -6.62, -77.81 2115 +/- 55 21.76 +/- 1.85 69.72 +/- 2.61 -2.36 +/- 2.36 10 9 9 8 
8 El Molino 525 -7.77, -77.76 3222 +/- 131 26.26 +/- 0.88 77.78 +/- 1.95 1.23 +/- 2.24 10 10 9 10 
9 Suyubamba 546 -7.83, -77.58 2586 +/- 110 24.27 +/- 1.22 76.61 +/- 1.96 0.27 +/- 2.59 7 6 6 5 
10 Cordillera Blanca 640 -9.24, -77.52 3628 +/- 273 23.95 +/- 0.48 - - 6 2 - - 
11 Chinchan 705 -9.61, -77.12 4234 +/- 141 26.31 +/- 1.26 80.50 +/- 2.21 - 8 8 6 - 
12 Carpa-Chavin 731 -9.37, -76.73 3632 +/- 93 27.37 +/- 1.87 78.69 +/- 3.11 5.84 +/- 1.10 13 11 9 11 
13 Chavinillo 773 -9.84, -76.60 3652 +/- 239 29.30 +/- 1.54 76.56 +/- 3.62 5.01 +/- 1.04 5 3 3 3 
14 Carpish 810 -9.85, -76.37 3259 +/- 212 28.50 +/- 1.28 77.91 +/- 2.20 3.92 +/- 1.05 12 9 9 7 
15 La Quinua 865 -10.62, -76.17 3832 +/- 0 29.56 +/- 1.00 80.72 +/- 2.34 6.12 +/- 0.87 8 8 8 7 
16 Macate 553 -8.75, -78.05 3298 +/- 235 22.67 +/- 2.06 71.88 +/- 2.36 -3.63 +/- 0.81 12 11 8 8 
17 Pacar 693 -10.08, -77.50 2935 +/- 55 18.26 +/- 0.47 68.54 +/- 2.08 - 9 7 8 - 
18 Quichas 800 -10.58, -76.77 4304 +/- 59 20.09 +/- 0.82 67.44 +/- 1.57 5.27 +/- 1.09 16 9 5 7 
19 Huamatanga 862 -11.52, -76.73 3002 +/- 337 21.45 +/- 0.64 68.41 +/- NA - 2 2 1 - 
    
Range 
   
Total 
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Table 2. Results of PST-FST comparisons for body mass, mPC1, and plumage. The mode of the between- (σ2B) and within- (σ2W) 
population variance components are followed in parentheses by the 95% confidence intervals from the posterior distribution of a 
Bayesian generalized linear mixed model. PST values for each trait are at the null assumption of c/h
2 = 1 with 95% confidence 
intervals in parentheses. Global FST value for each trait with upper and lower 95% quantiles for single-locus FST estimates in 
parentheses. c/h2* is the critical value of c/h2 at which the lower confidence interval for PST exceeds the upper 95% quantile of FST. 
Natural selection may have shaped the variation of a trait when the lower confidence interval for PST exceeds the upper 95% quantile 
of FST at values of c/h
2* less than or equal to 1 (in bold). The sample size is the number of populations in each PST-FST comparison 
followed in parentheses by the average number of individuals per sampled population and the minimum and maximum number of 
individuals across the sampled populations. 
 
 
Trait Sample Size σ2B σ2W PST  FST  c/h2*  
All Populations body mass 16 (8.4, 5-12) 19.44 (9.93, 48.83) 1.70 (1.31, 2.20) 0.85 (0.69, 0.95) 0.24 (0.04, 0.61) 0.70 
 
wing length 15 (7.2, 5-9) 37.19 (17.74, 85.14) 3.31 (2.43, 4.35) 0.85 (0.67, 0.95) 0.24 (0.03, 0.60) 0.75 
 
plumage 13 (7.5, 5-11) 10.88 (5.58, 29.99) 2.31 (1.71, 3.17) 0.70 (0.47, 0.90) 0.23 (0.02, 0.61) 1.76 
        
SW Slope  body mass 13 (8.3, 5-12) 21.21 (10.16, 56.25) 1.54 (1.17, 2.11) 0.87 (0.71, 0.96) 0.21 (0.01, 0.53) 0.46 
Excluded wing length 12 (7.2, 5-9) 39.87 (17.66, 108.25) 3.21 (2.37, 4.56) 0.86 (0.66, 0.96) 0.20 (0.00, 0.53) 0.58 
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Table 3. Results of univariate MMRR. (a) all 19 populations, and (b) excluding the SW slope populations. 
 
 
Predictor R2  β p 
a) All populations 
   
 
DIST 0.68 0.11 < 0.01 
 
ENV 0.28 0.08 < 0.01 
 
MASS 0.25 0.07 < 0.01 
 
ELE 0.18 0.06 < 0.01 
 
PLUM 0.05 0.03 0.02 
b) SW Slope 
Excluded    
 
DIST 0.77 0.1 < 0.01 
 
ENV 0.34 0.07 < 0.01 
 
MASS 0.55 0.07 < 0.01 
 
ELE 0.37 0.07 < 0.01 
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Table 4. Results of multivariate MMRR and additional parameters from the commonality analysis. Beta-weights (β), p-values (p), and 
the unique, common, and total coefficients (with percent contribution to the overall model in parentheses) of each predictor to 
pairwise genetic differentiation (FST). (a) Results including all 19 populations and (b) excluding the four SW slope populations. 
 
  
Predictor β p Unique Common Total 
a) All populations 
      
 
FST ~ DIST + ELE + ENV + MASS DIST 0.13 < 0.01 0.34 (48%) 0.34 (48%) 0.68 (95%) 
 
R2 = 0.71 ELE -0.03 0.01 0.00 (0%) 0.25 (35%) 0.25 (35%) 
 
 
ENV 0.01 0.50 0.02 (2%) 0.16 (23%) 0.18 (25%) 
 
 
MASS -0.01 0.21 0.00 (0%) 0.28 (39%) 0.28 (39%) 
b) SW Slope Excluded 
      
 
FST ~ DIST + ELE + ENV + MASS DIST 0.10 < 0.01 0.21 (27%) 0.56 (71%) 0.77 (97%) 
 
R2 = 0.79 ELE -0.01 0.61 0.00 (0%) 0.54 (68%) 0.55 (69%) 
 
 
ENV -0.02 0.32 0.00 (0%) 0.37 (46%) 0.37 (46%) 
 






























































































































































adj. R2 = 0.56 − all populations
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adj. R2 = 0.87
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adj. R2 = 0.68 − all populations




























































































































































adj. R2 = 0.25 − all populations
























































































































































adj. R2 = 0.18 − all populations











































































































adj. R2 = 0.05 − all populations

























































0 0.14 0.28 0.42 0.56 0.69
% Total
Coefficient
0.133
−0.001
0.046
0.028
0.004
0
0
0.074
0.002
−0.023
0.079
0.002
0.023
0.004
0.335
% Total
18.89
−0.1
6.47
3.9
0.54
−0.05
0.06
10.46
0.3
−3.31
11.17
0.23
3.32
0.59
47.52
Total 0.706 100
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